A first-order one-variable grey model (GM(1,1)) is combined with improved seasonal index (ISI) to forecast monthly energy production for small hydropower plants (SHPs) in an ungauged basin, in which the ISI is used to weaken the seasonality of input data for the GM(1,1) model. The ISI is calculated by a hybrid model combining K-means clustering technique and ratio-to-moving-average method, which can adapt to different inflow scenarios. Based on the similar hydrological and meteorological conditions of large hydropower plants (LHPs) and SHPs in the same basin, a reference LHP is identified and its local inflow data, instead of the limited available data of SHPs, is used to calculate the ISI. Case study results for the Yangbi and Yingjiang counties in Yunnan Province, China are evaluated against observed data. Compared with the original GM(1,1) model, the GM(1,1) model combined with traditional seasonal index (TSI -GM(1,1) ), and the linear regression model, the proposed ISI-GM(1,1) model gives the best performance, suggesting that it is a feasible way to forecast monthly energy production for SHPs in data-sparse areas.
INTRODUCTION
. With more small hydropower plants (SHPs) being integrated into power systems, the difficulty in coordinated dispatching between SHPs and other power sources has significantly increased, causing more serious transmission congestion and spilled water problems.
The inherent variability of SHP generation also poses a direct threat to the security and reliability of power systems.
Thus, an accurate forecasting for long-term SHP energy production is essential for power systems' operation and dispatching. Nevertheless, this is not an easy task, as most SHPs are located in remote areas with few hydrological and meteorological stations and lack of professional supervision for a long time, their historical information is absent. 1. Due to the lack of a regulation reservoir, the SHP power generation obviously fluctuates with the variation of seasons, which leads to poor results for the GM(1,1) model with original energy production data (Deng ).
2. Seasonal index is a feasible way to eliminate the seasonal variation of energy production (Taylor ); however with a small data set of SHP, an effective seasonal index is difficult to construct.
3. The number of SHPs is numerous, and the forecasting workload would certainly be heavy when predicting for each of them.
To overcome these problems and achieve a successful implementation for monthly energy production forecasting for SHP with few available data, the GM(1,1) model combined with an improved seasonal index (ISI-GM(1,1)) is proposed in this paper. The main contributions of this work can be summarized as follows:
1. The SHPs located in the same region are treated as a group, so as to weaken the stochastic fluctuations of individual ones and also reduce the prediction workload. This is reasonable since they share similar hydrological and meteorological conditions, and generally exert a group influence on power system operation. In what follows, the SHPs mean those located in the same region.
2. An ISI is proposed. Compared with the traditional constant seasonal index, the ISI is more suitable for different inflow scenarios (i.e., wet, normal, and dry), so as to better weaken the seasonality of energy production data sequence. A hybrid model combining K-means clustering technique and ratio-to-moving-average (RMA) method is also developed for calculating the ISI.
The correlation between LHP local inflow and SHPs'
energy production is noted and carefully analyzed, the LHP showing significant correlation and with sufficient data series is selected as the reference LHP. The local inflow of this reference LHP, instead of the limited SHPs data, is thus applied to construct the ISI. 4. The input data for the GM(1,1) model is the processed SHPs' energy production data by using the calculated ISI, not the raw data sequence, so as to improve the forecasting accuracy. 5. The forecasting performance of the proposed model has been evaluated by applying it for forecasting SHPs' monthly energy production of Yangbi and Yingjiang counties in Yunnan province, China. Further comparisons between the proposed model and other models, including the original GM(1,1) model, the GM(1,1) model combined with traditional seasonal index (TSI-GM(1,1)) and the linear regression model (LR) from a previous study (Li et al. a) , are also discussed. The results show that the proposed ISI-GM(1,1) model is a feasible way for monthly energy production forecasting for SHPs in unguaged basins.
The following sections contain a description of the proposed forecasting method, in which the ISI, the GM(1,1) model, and the ISI-GM(1,1) model are introduced. The listing of the performance evaluation criteria used in this paper and a brief introduction for the study areas are also presented.
Then, the simulation results made by the proposed model for the actual case study are given and also compared with other models. Finally, conclusions are drawn.
METHODOLOGY Preparation for modeling
As mentioned above, the individual SHP energy production has strong uncertainty due to the lack of a regulation reservoir and is directly affected by the stochastic natural water inflow. Thus, it is difficult to obtain the energy production rules and develop a suitable forecasting model for individual
SHPs. Furthermore, even if a forecasting model can be established for an individual SHP, the forecasting workload would be very large given the large number of SHPs. Therefore, in this paper, the SHPs located in the same region are taken as a group to build the forecasting model. In this way, the potential energy production rules can be more easily acquired, and the forecasting workload is significantly reduced. This is reasonable, because the SHPs located in the same region are generally integrated into the power grid via the same transmission line, and exert a group influence on power system operation. To eliminate the influence of different installed capacity on energy production, the monthly utilization hours are introduced, i.e.:
where h k is the monthly utilization hours of SHPs at time k; n is the number of time periods and each time period represents a month; g k and c k represent the monthly energy production and the installed capacity of SHPs at period k, respectively. Despite the variations of installed capacity, the monthly energy production data sequence is equivalent to the sequence of monthly utilization hours.
The ISI
The stationarity of the input data plays a key role in the forecasting accuracy of the GM (Deng ). Hence, the seasonal index is introduced to weaken the seasonality for the SHPs' monthly utilization hours sequence. The seasonal index contains 12 separate values which correspondingly represent generation variations from January to December, and is generally calculated by the RMA method (Tseng et al. ) .
However, when it comes to monthly energy production forecasting for SHPs, some challenges have appeared, including:
(1) the data length of SHPs in unguaged basin is too short to construct a reliable seasonal index;
(2) different monthly inflow scenarios (i.e., wet, normal, and dry) have a significant effect on the fluctuations of SHPs' energy production, which are not considered in the traditional constant seasonal index;
and (3) the trend information of past periods of the forecasting period is neglected, which is unreasonable, because the energy production is somehow contiguous to the past periods. To solve the above problems, an ISI is proposed and a hybrid model combining K-means clustering technique and RMA method is also developed to calculate it.
Selection of reference LHP
It is hard to construct a reliable ISI using limited historical data of SHPs. Generally, the SHP is built on a small river without a regulation reservoir, and its energy production is mainly determined by the natural water inflow. As there are similar hydrological and meteorological conditions of It should be noted that, in this paper, the LHP includes LHPs as well as the downstream hydropower plants.
That is to say, the downstream hydropower plant with small installed capacity is not included in the studied SHPs, because these plants, located on main rivers with LHP, are also supervised well. This paper mainly focuses on the SHPs with limited available data, whose energy production cannot be directly calculated.
Correlation analysis and significance test: The correlation
coefficient between the LHP local inflow and the utilization hours of SHPs is calculated and evaluated by significance test. As is well known, the correlation coefficient is a function that is commonly used to indicate the degree of correlations between two sets of observed data (Zhu & Yuan ) , and can be calculated as follows:
where h is the mean value for SHPs monthly utilization hours from n periods; q k is the local inflow of reference LHP at period k; q is the mean local inflow value of reference LHP from n periods; R is the correlation coefficient.
Based on the results, the LHPs which show positive and significant correlations with SHPs are selected. The significance test has been described in detail in Li et al.
(a) and is not repeated here.
Identification of reference LHP:
The LHP not only shows significant correlation, but also has sufficient data series, and is finally selected as the reference LHP as adequate data are necessary to construct a reliable seasonal index.
Calculation of ISI
In the hybrid model, the K-means clustering technique is introduced to divide reference LHP local inflow data into subsets which can be analyzed separately. K-means finds the homogeneous groups for original data points by minimizing the sum of squared error between each data point and the closest centroid (Tan et al. ) . The calculating process of ISI is shown in Figure 1 and detailed below:
Step 1: Define the monthly reservoir local inflow of refer-
resents February, …, and t ¼ 12 represents December.
Step 2:
separately for each month (i.e., January, February, …, December) by K-means. The data of each month is divided into three subsets which may be associated with dry-, normal-and wet-inflow. These subsets are expressed as {C j,t , j ¼ 1, 2, 3}, where C j,t is the subset of month t;
j ¼ 1 represents dry scenario, j ¼ 2 represents normal scenario and j ¼ 3 represents wet scenario. For example, C 3,1 is composed of all January observations which fall in the subset of wet scenario. The implementation steps of K-means are described in detail in Tan et al. () and are not repeated here.
Step 3: Suppose that the forecasting period is month t of year i, the subsets which the forecasting period and its adjacent eleven periods fall in are obtained by
Step (2) Combining ISI with the first-order one-variable GM
The first-order one-variable grey model (GM(1,1))
The GM(1,1) model is one of the most frequently used grey forecasting models, which is characterized by modeling with few available data and ease of calculation. To enhance forecasting accuracy, it develops two necessary data operations:
one is the accumulated generating operation (AGO), and the other is the inverse accumulative generating operation (IAGO). The AGO aims to weaken the fluctuations of original data series, and the IAGO is used to recover the AGO generated data to the original data sequence. The steps implemented in the GM(1,1) model are listed below:
Step 1: Define the original data for GM(1,1) model as {x (0) (k), k ¼ 1, 2, Á Á Á , n}, and the time period to be forecast is n þ 1. In this paper,
where k is the period number, k ¼ 1, 2, Á Á Á , n; h k and s k are the monthly utilization hours and the ISI of period k, respectively.
is derived as Equation (3):
Then, the first order differential equation can be formed by using x (1) , expressed as Equation (4):
where k is the time period number, a and u are the optimization parameters.
Step 3: By using the least squares method, a and u can be determined:
Step 4: Based on the above steps, the simulating value of
is calculated by Equation (6):
wherex (1) (k þ 1) is the simulating value of x (1) (k þ 1).
Step 5: Then, the forecasting value of time n þ 1 is obtained by IAGO from simulating values {x (1) (k þ 1), k ¼ 1, 2, Á Á Á , n}, expressed as Equation (7):
wherex (0) (n þ 1) is the forecasting value of period n þ 1.
The ISI-GM(1,1) model
Due to the natural seasonal fluctuations of SHPs' energy production, the ISI is combined with the GM(1,1) model.
The forecasting process of the ISI-GM(1,1) model for SHPs' monthly utilization hours are described as follows:
Step 1: Suppose that the forecasting time period is n þ 1.
Identify the adjacent 11 periods of the forecasting period, and construct the ISI from the reference LHP local inflow data of these 12 periods.
Step 2: The data of SHPs' monthly utilization hours are divided by the calculated ISI, then a new data series is obtained, expressed as Equation (8):
where h 0 k is the new data series; k is the period number, k ¼ 1, 2, Á Á Á , n; h k and s k , respectively, represent the monthly utilization hours and the ISI of period k.
Step 3: Take the new data series h 0 k as input data for the GM (1,1) model, that is,
Then, the simulated valuex (0) (n þ 1) is obtained by the steps outlined in the section 'The first-order one-variable GM'.
Step 4: The forecasting value of SHPs' monthly utilization hours at period n þ 1 is obtained through Equation (9):
where h ⌢ nþ1 and s are the forecasting value and the corresponding ISI of period n þ 1, respectively.
A flow chart of the entire process of the proposed ISI-GM(1,1) model is shown in Figure 2 .
FORECASTING PERFORMANCE CRITERIA

Checking method for GMs
For evaluating the fitting precision of GMs, the most widely used method is the after-test residue checking method (Cheng et al. ) . Two main parameters, posterior-error (C) and microerror-probability (P), are adopted, respectively defined as:
The fitting precision grade is shown in Table 1 . Performance evaluation for forecasting models Some criteria are recommended for evaluating forecasting models according to the published literature. In this paper, four criteria are used, and computed as follows.
Root-mean-square error
The root-mean-square error (RMSE) is used to measure the difference between the values forecasted by a model and the observed values from practice, and is one of the frequently used criteria. It is defined as:
Mean absolute percentage error
The mean absolute percentage error (MAPE) aims to evaluate the forecasting accuracy from a term-by-term comparison of the relative error in the forecasting with respect to the observed value. It usually expresses the accuracy as a percentage, and is defined as:
Mean absolute error
As the name suggests, the mean absolute error (MAE) is an average of the absolute errors. It is a quantity usually used to describe how close the forecasting values are to the observed values, which is a common measure of forecasting error. It is defined as:
Coefficient of determination
The coefficient of determination (R 2 ) is used to describe the degree of collinearity between the forecasting and observed values, which ranges from 0 to 1 and is defined as:
In the above equations, n is the number of forecasting Dehong City, respectively. The two counties studied in this article both have the richest small hydropower resources in their own city. The available information of SHPs only includes the dispatching department (i.e., county dispatching bureau), installed capacity, and the energy production data of four years (from 2012 to 2015). Thus, the accurate location for each SHP and the small tributaries they are situated on are not given in Figure 3 , since this information is absent. In addition, what this paper is mostly concerned with is the SHPs' overall impact on the power grid operation, thus the accurate location of each SHP has no or little effect on the results. Table 2 gives detailed information of these two counties.
Data collection
During the forecasting process, the observed data, including monthly energy production and installed capacity of SHPs in Yangbi and Yingjiang counties, in four years from 2012 to 
APPLICATIONS Reference LHP
To construct an effective ISI for SHPs, a reference LHP is carefully selected, of which the local inflow is used as the input data.
In Yangbi County and Yingjiang County, there are, respectively, six and four LHPs that can be considered as candidates for reference. The detailed information of these LHPs are listed in Table 3 , and their locations are given in Figure 3 .
According to Equation (2), the correlation coefficients between LHP local inflow and SHPs' utilization hours are calculated by using the data from January 2012 to December 2015.
In Figure 3 it can be seen that the Xier River feeds into the Yangbi River, and then to the Lancang River in the upstream of Xiaowan plant. Although the accurate locations of SHPs are not known, they must not be on the main rivers (i.e., Yangbi River, Xier River, and Yingjiang River) because the plant information for these rivers is apparent. Thus, based on the relative positions of LHP and SHP, as shown in Figure 4 , there are usually two typical cases: (1) a small river with an SHP feeds into its higher-order river at the downstream of a LHP and there is no direct streamflow connection between the SHP and the LHP; and (2) a small river with an SHP feeds into its higher-order river at the upstream The detailed procedures are described as follows:
1. The monthly local inflow data of Xiaowan plant was clustered separately for each month.
2. Twelve subsets which contain the forecasting time period (August 2014) and its adjacent 11 time periods (from July 2014 backtracking to September 2013) were obtained from 1) and ordered by month index, i.e., from January to December, as shown in Table 4 . Here, C 1,t , C 2,t and C 3,t represent subset 1, subset 2, and subset 3 of month t, respectively, i.e., dry inflow scenario, normal inflow scenario, and wet inflow scenario.
3. Then, the ISI of each month was calculated by the RMA model, and also normalized so as to ensure the calculated accuracy in the division program, also listed in Table 4. 4. The monthly energy production was transformed into monthly utilization hours by Equation (1). can be achieved by the steps outlined in the section 'The ISI-GM(1,1) model', and shown in Figure 5 .
It can be observed that the forecasting values can follow the changes of the observed data, and the probability of periods whose relative error is smaller than 10% are, respect- In Yingjiang County, the C and P are 0.20 and 95.8%, respectively. In both the two study regions, the proposed GM gets 'Good' grade. These results illustrate that the proposed ISI-GM(1,1) model performs well in forecasting monthly energy production of SHPs in data-sparse areas.
Comparisons with other models
To further illustrate the forecasting performance of the pro- The performance evaluation criteria are given in it can be concluded that by considering different inflow scenarios, the proposed ISI-GM(1,1) model has a better forecasting performance than the other three models and is more suitable for different inflow scenarios.
Discussion on cluster number
The forecasting performances with different cluster numbers used in the constructing process of ISI are discussed. The larger the cluster number is, the more groups that the reference LHP local inflow is divided into. In particular, when the cluster number is equal to 1, all observed values are treated as one subset and the ISI reflects the multi-year average. In this case, the ISI-GM(1,1) model is equivalent to the TSI-GM (1,1) model. The maximum cluster number in this study is equal to the local inflow data length, which means that each monthly observation is separately treated as a subset and the ISI is constructed for each year. The average forecasting errors for Yangbi and Yingjiang counties from January 2014 to December 2015 with different cluster numbers are shown in Figure 10 . In both the study regions, the average forecast error is greatest when the cluster number is 1, drops to its minimum level when the cluster number is 3, then becomes larger and finally tends to be stable. Hence, in this paper, dividing the LHP local inflow data into three subsets is reasonable, which also agrees with the actual flow scenarios (i.e., wet, normal, and dry).
CONCLUSIONS
With more SHPs being integrated into the power grid, developing an effective forecasting model for SHPs' energy production is crucial for power systems operation and dispatching. However, most of the SHPs are located in remote areas and their historical information is absent. To overcome this problem, an original ISI-GM(1,1) model was proposed. The main contributions are summarized as follows: 1. The correlation between LHP local inflow and SHPs' energy production was noted and analyzed, and then sufficient local inflow data from a reference LHP was employed in the energy production forecasting of SHPs.
2. An ISI was defined, and a hybrid model combining K-means clustering technique and RMA method was developed for calculating it. The simulation results show that the ISI can more reasonably reflect The results show that the proposed model exhibited the best forecasting performance and was more suitable for different inflow scenarios, suggesting that the proposed ISI-GM(1,1) model is a feasible way to forecast monthly energy production of SHPs in ungauged basins.
It should be noted that this paper mainly focuses on a feasible way to forecast monthly energy production with a limited data set. The sensitivity and uncertainty of the proposed forecasting model and its input data were not considered and need to be further studied in the future, for example, the influence of the prediction error of reference LHP local inflow data and so on. 
